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INTRODUCTION
The characterization of the informal economy has been debated in both policy and academic circles. There is no standard definition of the informal economy in the literature, and terms such as shadow economy, black economy and unreported economy have been used to define it.
According to Feige (2005) , the phrase informal economy has been used frequently, and inconsistently; he argues that the informal economy comprises economic activities that circumvent costs and are excluded from the benefits and rights incorporated in laws and administrative rules covering property relationships, commercial licensing, labor contracts, torts, financial credit, and social systems.
Measuring informality is important given that workers in informal conditions have little or no social protection or employment benefits; and these conditions undermine inclusiveness in the labor market. Additionally, informal economic activity severely limits tax revenues for developing countries most in need of a stable tax base. This suggests that developing economies have an incentive to understand the scale of informal economic activity and how to shift production from the informal to the formal sector.
Different methods have been proposed to estimate the size of the informal economy. Direct approaches, mostly based on surveys and samples, rely on voluntary replies, or tax auditing and other compliance methods to measure the informal economy. The results are sensitive to how the questionnaire is formulated and therefore unlikely to capture all informal activities.
Indirect approaches, also called indicator approaches, use indirect information to estimate the size of the informal economy. For example, the discrepancy between the official and actual labor force approach states that a decline in labor force participation in the official economy can be seen as an indication of an increase in the size of the informal economy, if total labor force participation is assumed to be constant. Most direct and indirect methods consider just one indicator for all effects of the informal economy.
A growing literature uses the MIMIC model (See . Among the MIMIC's main features: (i) the model explicitly considers multiple causes of the existence and growth of the informal economy, as well as multiple effects of the informal economy over time, whereas other methods mainly use one indicator of the size of informal economy (e.g. electricity consumption), and (ii) the model is based on unobserved variables, which considers a set of causes and indicators of the unobserved phenomenon to be measured.
However, recently, MIMIC has been subject of criticism for: (i) the use of GDP (GDP per capita and growth of GDP per capita) as cause and indicator variables, (ii) the fact that the methodology relies on another independent study to calibrate from standardized values to size of informal economy in percent of GDP, and (iii) the estimated coefficients are sensitive to alternative specifications, the country sample and time span chosen. This paper contributes to the literature and addresses the concerns of endogeneity as well as using predictive mean matching as a robustness check for measuring the size of the informal economy in Sub-Saharan African countries. Specifically, by:
(a) using a modified version of the standard Multiple Indicator-Multiple Cause (MIMIC) model. This version, addresses endogeneity concerns for the use of GDP by using satellite data on the night light intensity instead of GDP as an indicator variable proxying the size of the economy. (b) Estimating the size of the informal economy by using a completely independent method, the Predictive Mean Matching method (PMM) by Rubin (1987) . This not only tests the robustness of the modified MIMIC with an alternative econometric technique but also addresses a long and controversial discussion on how to calibrate the relative MIMIC estimates of the informal economy (compare Hashimzade and Heady (2016) , Feige (2016a and 2016b) , and Schneider (2016) . (c) Finally, by comparing these results with the official estimations from countries' national account statistics.
We believe this is the first time that such a combination of methodologies, which includes modified MIMIC using satellite data on night light intensity, and PMM has been used to generate robust estimates of the size of the informal economy, which we compare to estimates provided by national authorities.
Results suggest that there is significant heterogeneity in the size of informality in SSA, ranging from a low of 20 to 25 percent of formal sector output in Mauritius, South Africa and Namibia to a high of 50 to 65 percent in Benin, Tanzania and Nigeria. Additionally, that the share of informal economic activity in Sub-Saharan Africa remains among the largest in the world, although this share has been very gradually declining.
Results also suggest that broadly, informality seems to fall with the level of income likely reflecting higher government capacity and better incentives toward formality in higher income countries. This global trait also holds for Sub-Saharan Africa, as the informal economy averages 40 percent in the region's low income countries and 35 percent for its middle income countries. Although, oil exporters and fragile countries are, everything else equal, more likely to harbor informality, with an informal economy well above 40 percent of GDP, regardless of the level of income per capita.
To verify the validity and robustness of the estimates, we have cross-checked them using an alternative and fully independent econometric approach, the Multiple Imputations Predictive Mean Matching (MIPMM), developed by Rubin D.B. The MIMIC results are found to be robust when cross-checked with MIPMM results. This alternative method treats informality as a missing data issue. The objective is to match the countries where data exist to the those where data are missing by using characteristics that would be relevant to the size of the informal economy. 2 When using this procedure, countries are ordered in groups based on the size of the informal economy. These groups are broadly aligned with our estimates from the MIMIC.
The robustness of MIMIC results is also checked against the estimates of Statistical Agencies of eight sub-Saharan African countries for which information is readily available. The rank correlation is high-about 80 percent-between MIMIC results and these estimates. Although these agencies provide estimates of the size of the informal economy, the data generated by MIMIC is still useful. First, not all countries publish the information. Second, methodologies and sampling methods may affect the comparability of cross-country estimates. Finally, estimates may be rooted in approaches that fail to take account of recent changes in the domestic economy. In contrast, MIMIC produces panel data for most countries that is comparable and can be used to test statistical relationships.
LITERATURE REVIEW
This section follows Schneider and Este (2002) , as well as Feld and Schneider (2010) , and mostly describes the main methodologies used to measure the informal economy, highlighting their advantages and drawbacks. These approaches can be divided into direct or indirect (including the model-based ones).
The most common direct approaches to measuring the size of the informal economy rely on surveys and samples based on voluntary replies, or tax auditing and other compliance methods. While providing great detail about the structure of the informal economy, the results are sensitive to the way the questionnaires are formulated, as well as respondents' willingness to cooperate with forthright and truthful answers. Consequently, surveys are unlikely to capture all informal activities.
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Indirect approaches, alternatively called "indicator" approaches, are mostly macroeconomic in nature. These are in part based on: (i) the discrepancy between national expenditure and income statistics; (ii) the discrepancy between the official and actual labor force; (iii) the "electricity consumption" approach of Kauffman and Kaliberda (1996) ; (iv) the "monetary transaction" approach of Feige (1979) ; (v) the "currency demand" approach of Cagan (1958) and others; and (vi) the "Multiple Indicators, Multiple Causes" (MIMIC) where the informal economy is considered as a latent variable. Specifically:
Discrepancy between national expenditure and income statistics: If those working in the informal economy were able to hide their incomes for tax purposes but not their expenditure, then the difference between national income and national expenditure estimates could be used to approximate the size of the informal economy. This approach assumes that all the components of the expenditure side are measured without error and constructed so that they are statistically independent from income factors.
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(ii) Discrepancy between official and actual labor force: If the total labor force participation is assumed to be constant, a decline in official labor force participation can be interpreted as an increase in the importance of the informal economy. Since fluctuation in the participation rate might have many other explanations, such as the position in the business cycle, difficulty in finding a job, as well as education and retirement decisions, these estimates represent weak indicators of the size of the informal economy.
(iii)
Electricity approach: Kaufmann and Kaliberda (1996) endorse the idea that electricity consumption is the single best physical indicator of overall (official and unofficial) economic activity. Using findings that indicate the electricity-overall GDP elasticity is close to one, these authors suggest using the difference between growth of electricity consumption and growth of official GDP as a proxy for the growth of the informal economy. This method is simple and appealing, but has many drawbacks, including: (i) not all informal economy activities require a considerable amount of electricity (e.g. personal services) or the use of other energy sources (like coal, gas, etc.), hence only part of the informal economy growth is captured; and (ii) the electricity-overall GDP elasticity might vary significantly across countries and over time.
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(iv) Transaction approach: Using Fischer's quantity equation, Money*Velocity = Prices*Transactions, and assuming that there is a constant relationship between the money flows related to transactions and the total (official and unofficial) value added, i.e. Prices*Transactions = k (official GDP + informal economy), it is reasonable to derive the following equation Money*Velocity = k (official GDP + informal economy). The stock of money and official GDP estimates are known, and money velocity can be estimated. Thus, if the size of the informal economy as a ratio of the official economy is known for a benchmark year, then the informal economy can be calculated for the rest of the sample. Although theoretically attractive, this method has several weaknesses, for instance: (i) the assumption of k constant over time seems quite arbitrary; and (ii) other factors like the development of checks and credit cards could also affect the desired amount of cash holdings and thus velocity.
(v)
Currency demand approach: Assuming that informal transactions take the form of cash payments, in order not to leave an observable trace for the authorities, an increase in the size of the informal economy will, consequently, increase the demand for currency. To isolate this "excess" demand for currency, Tanzi (1980) suggests using a time series approach in which currency demand is a function of conventional factors, such as the evolution of income, payment practices and interest rates, and factors causing people to work in the informal economy, like the direct and indirect tax burden, government regulation and the complexity of the tax system. However, there are several problems associated with this method and its assumptions: (i) this procedure may underestimate the size of the informal economy, because not all transactions take place using cash as means of exchange; (ii) increases in currency demand deposits may occur because of a slowdown in demand deposits withdrawals rather than an increase in currency used in informal activities; (iii) it seems arbitrary to assume equal velocity of money in both types of economies; and (iv) the assumption of no informal economy in a base year is arguable.
(vi)
Multiple Indicators, Multiple Causes (MIMIC) approach: This method explicitly considers several causes, as well as the multiple effects, of the informal economy. The methodology makes use of the associations between the observable causes and the effects of an unobserved variable, in this case the informal economy, to estimate the variable itself (Loayza, 1997) . 
ECONOMETRIC STRATEGY
Most of the methods described above consider only one (either direct or indirect) indicator of the informal economy, such as electricity consumption or money demand. However, there may exist more than one manifestation or symptom of the informal economy showing up simultaneously.
This paper uses the MIMIC approach, as it explicitly considers various causes, as well as several effects of the informal economy. The model exploits the associations between observable causes and effects of the unobserved informal economy to estimate the size of the informal economy itself. 10 The model can be described as:
where IE is the unobservable latent variable, ) ,...,
is a vector of causes of IE,  and  are the (px1) and (qx1) vectors of the parameters, and  and  are the (px1) and scalar errors. Equation (1) relates the informal economy to its indicators, while equation (2) associates the informal economy with a set of observable causes. Assuming that the errors are normally distributed and mutually uncorrelated with 2 ) var(
, the model can be solved for the reduced form as a function of observable variables by combining equations (1) and (2):
where
As y and x are data vectors, equation (3) can be estimated by maximum likelihood using the restrictions implied in both the coefficient matrix  and the covariance matrix of the errors  . Since the reduced form parameters of equation (3) (1) and (2) requires a normalization of the parameters in equation (1), and a convenient way to achieve this is to constrain one element of  to some pre-assigned value. Since the estimation of  and  is obtained by constraining one element of  to an arbitrary value, it is useful to standardize the regression coefficients ˆand ˆas 
The standardized coefficient measures the expected change (in standard-deviation units) of the dependent variable due to a one standard-deviation change of a given explanatory variable, when all other explanatory variables are held constant. Using the estimates of the s  vector and setting the error term  to its mean value of zero, the predicted values for the informal economy can be estimated using equation (2). Then, by using information from various independent studies regarding the specific size of the informal economy measured in percent of GDP, the ordinal within-sample predictions for the informal economy can be converted into percentages of GDP.
VARIABLES
As explained in the previous section, MIMIC uses indirect measures of the entire economy to derive the size of the informal economy that is "unobserved" in the surveys that form the basis of the national accounts. It estimates the unobserved informal sector by explicitly considering the multiple causes for the existence and growth of the informal economy, as well as its multiple effects (see Figure 1 ).
The specialized literature highlights the tax burden or government distortionary policies, labor market rigidities, lack of institutional quality, and product and financial market rigidities as the main causes (see, for example, Schneider et al. (2010 ), Feldmann (2009 , and Schneider and Enste (2000)).
The MIMIC model in this paper covers a sample of 140 countries over the 1991-2014 interval. Moreover, it has been refined to respond to past criticisms on the methodology.
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Our MIMIC estimation relies on the following observable drivers of the informal economy:
 fiscal freedom, a measure of tax burden on the economy. Everything else equal, a larger tax burden is likely to encourage more economic activity to remain in the informal economy  institutions, as lack of respect for the law would encourage informal activity  unemployment, as lack of work in the formal sector would force some to seek work in informal economic activity, and  trade openness, as international trade increases, it would be harder to hide trade from the authorities.
MIMIC also uses measurable indicators of the informal economy, namely,  currency as a fraction of broad money, as people engaged in the informal economy usually conduct their activities in cash  labor force participation, as a decline in official labor force participation could signal some giving up searching for work in the formal sector, and  a measure of the size of the economy using night lights. Instead of using GDP per capita and growth of GDP per capita as cause and indicator variables, we use the night lights approach by Henderson, Storeygard, and Weil (2012) to independently capture economic activity. In their paper, they use data on light intensity from outer space as a proxy for the "true" economic growth achieved by countries. They also use the estimated elasticity of light intensity with respect to economic growth to produce new estimates of national output for countries deemed to have low statistical capacity. Therefore, by using the night lights approach we address MIMIC criticisms related to the endogeneity of GDP. This addresses criticisms related to endogeneity of GDP in a novel way, which is totally independent from problematic GDP measures traditionally used.
RESULTS

A. MIMIC Estimation Results
The benchmark MIMIC specification, is represented in Figure 1 . The fiscal freedom index, institutions (rule of law), unemployment, and trade openness are the cause variables of the informal economy; while currency (M0/M1), labor force participation, and the size of the economy (night lights) are the indicator variables.
The coefficients on the causal and indicator variables have the expected signs, and are statistically significant (mostly at the 1 or 5 percent level). Specifically, a one standard deviation increase in the fiscal freedom index, institutions (rule of law), unemployment, and trade openness increase the size of the informal economy by -0.15, -0.07, 0.07 and -0.18 standard deviations, respectively.
Alternative MIMIC specifications are considered for robustness purposes (See Tables 1, 2 , and 3) and we find consistent results across the specifications.
In Table 1 , we use data on all countries in our sample over the time period. One consistent result to note is that a standard deviation increase in trade openness decreases the size of the informal economy by approximately 0.17 standard deviations across all specifications. This provides evidence that we believe shows countries with more trade have more of that economic activity recorded by national authorities and included in the formal sector with all accompanying regulations and taxes. The effect of the unemployment rate is also consistently estimated as a one standard deviation increase lead to an approximate 0.07 increase in the informal sector. This also confirms our prior that as less formal sector jobs are available, workers will choose to seek work in the informal sector.
In the first two specifications, the size of government is also consistently estimated where a one standard deviation increase leads to a 0.1 increase in the informal economy. The magnitude of this effect drops vastly when we include a measure of government stability. This potentially shows that more stable governments may provide a better business environment for the formal sector and thus the distortionary effect of greater government size is somewhat mitigated. In the next three specifications, we consider fiscal freedom as an alternative measure of the government's distortionary activity shifting economic activity from the formal to informal sector. Across these specifications, we find a consistent estimate where a one standard deviation increase in fiscal freedom decreases the share of informal economic activity by 0.16 standard deviations. The magnitude on this coefficient remains similar even when including government stability, suggesting it is capturing the distortionary effect of taxation better than the size of government.
In specifications one and four, we find that the rule of law is significant and a one standard deviation increase in the rule of law decreases the share of informal economic activity by 0.06 standard deviations. We find no statistical significance from our measure of control on corruption, but the sign of the coefficient is in line with our prior that corruption would encourage informal economic activity. Lastly, as mentioned earlier, government stability is statistically significant and decreases the share of informal economic activity. For the indicators of informal economic activity, we standardize the coefficient on currency to be one, as is standard in the literature (see Schneider 2010) . Our other two indicators of informal economic activity are the labor force participation rate and the night light density as a proxy of total economic activity. Across all specifications we find that informal economic activity is statistically significant and decreases both labor force participation and night light density. The magnitudes of the coefficients vary across specifications, but this is likely the result of using different measures for the distortionary effect of government in the economy. We also find that informal economic activity decreases night light intensity across all specifications. Tables 2 and 3 repeat the estimation from Table 1 , but we split the sample into developing and advanced economies. The results of this robustness check are largely consistent with Table 1 , but there are some interesting differences to note. The effect of trade openness on informal economic activity is statistically significant across all specifications for developing countries with a similar magnitude to the results for the entire sample, while the effect for advanced economies has a larger magnitude when found statistically significant. This is likely due to advanced economies having better monitoring over the goods and services crossing their borders.
In Table 2 , we do not find any statistical significance for the effect of the unemployment rate on informal economic activity. This could be due to the labor market between formal and informal sectors in developing countries being more fluid and when labor market conditions deteriorate in the formal sector they also deteriorate in the informal sector. Alternatively, in Table 3 , we find that the unemployment rate has a statistically significant and negative effect on informal economic activity. We believe this may be caused by a complementarity between informal economic activities and formal economic activity. Those who lose their jobs in advanced economies could be the largest consumers in the informal economy.
Our two measures of the distortionary effect of government have similar significance and magnitude for the sample of developing economies. However, we find the magnitude of the effect for advanced economies to be nearly double the effect for the whole sample and developing economies. This result suggests that the distortionary effect of government taxation matters more for advanced economies and the effect is less for developing economies.
One last difference from our causal variables is that the rule of law is found to be statistically significant for the advanced economies and not for developing economies, but government stability is significant for the developing economies and not the advanced economies. This is another interesting result suggesting that in developing economies having a stable government-whether democratic or autocratic-matters more for encouraging formal economic activity, but for advanced economies, consistent "rules of the game" matters for encouraging formal economic activity.
Now considering the indicator variables of informal economic activity, we find that a greater share of informal economic activity decreases labor force participation and is statistically significant across all specifications in Tables 2 and 3 . However, we find another interesting difference between advanced and developing economies for the effect of informal economic activity on night light intensity. For the developing economies, we find that greater informal economic activity leads to a statistically significant decrease in night light density, while more informal activity leads to an increase in night light density for advanced economies. We hypothesize a couple of reasons this may be the case: first, citizens in advanced economies may be able to better hide their informal economic activity, and second, a number of informal economic activities in advanced economies may take place at night thereby increasing the night light intensity.
B. Estimation of the Size of the Informal Economy
Our estimates suggest that there is significant heterogeneity in the size of informality in SSA (Figure 2 ), ranging from a low of 20 to 25 percent in Mauritius, South Africa and Namibia to a high of 50 to 65 percent in Benin, Tanzania and Nigeria.
The share of informal economic activity in Sub-Saharan Africa remains among the largest in the world, although this share has been very gradually declining, as seems to be the case globally (Figure 3 ). The SSA unweighted average share of informality reached almost 38 percent of GDP over 2010-14. This is surpassed only by Latin America, at 40 percent of GDP and compares with 34 percent of GDP in South Asia, and 23 percent of GDP in Europe. In OECD countries, the informal sector is estimated to account for 17 percent of GDP.
Broadly, informality seems to fall with the level of income likely reflecting higher government capacity and better incentives toward formality in higher income countries. It averages 40 percent of GDP in low income countries over 2010-2014, whereas it only accounts for 32 percent of GDP in emerging economies and 18 percent of GDP in advanced economies.
That global trait also holds for Sub-Saharan Africa, as the informal economy averages 40 percent in the region's low income countries and 35 percent for its middleincome countries. Nonetheless, a different characterization seems to trump those considerations: oil exporters and fragile countries are, everything else equal, more likely to harbor informality, with an informal economy well above 40 percent of GDP.
ROBUSTNESS TESTS
A. Estimating the Size of the Informal Economy Using Predictive Mean Matching
Predictive Mean Matching (PMM), (Rubin, 1987) 12 treats the empirical challenge in the estimation of the size of the informal economy as a missing data problem: for some countries, we have survey-based estimates of the size of the informal economy, 13 for others, it is missing.
Missing data can result from three types of mechanisms: missing completely at random (MCAR), missing at random (MAR) or missing not at random (MNAR), (Little and Rubin, 1987) . 14 The PMM analysis assumes that for the informal economy, the mechanism is MAR. This means the following: the probability that an observation is missing can depend on observed co-variates of non-missing units and missing units, but it cannot depend on missing data, the size of the informal economy. In other words, we are assuming that the probability that a country is missing data on its informal economy can depend on characteristics relevant for the informal economy, but the size of the informal economy itself should not be a factor. This assumption can be challenged because one can argue that a large informal economy would be difficult to measure, resulting in missing data. Furthermore, a large informal economy can be associated with institutional weaknesses that would make it also less likely to be measured due to capacity constraints. However, when we look at the survey data available, we see that there are data available for large informal economies as well, such as Niger and Burundi. Therefore, at least in practice, the MAR assumption is somewhat validated, but would have to be checked through sensitivity analyses that would operate under MNAR.
The objective is to match the countries where data exist to the those where data are missing using characteristics that would be relevant to the size of the informal economy.
One of the challenges inherent in the empirical problem of estimating the size of the informal economy is that, for many countries, this is hard to estimate due to institutional capacity constraints. The informal economy is complex, encompassing many related factors that in any estimation procedure may produce problems of endogeneity and other empirical challenges. A principal constraint in this exercise is that those countries for which some estimation of the informal economy is available are not very similar to countries where this is missing, incidentally, the very countries where we are trying to produce an estimate in Sub-Saharan Africa.
Predictive Mean Matching (PMM) circumvents this challenge somewhat by producing multiple datasets using its Bayesian setup. Therefore, where we lack the data for similar countries, the method is able to compensate by taking advantage of the inherent uncertainty associated with a missing data problem.
The other advantage of the PMM method is that in its actual estimation step, it is nonparametric. It does not suffer from any of the problems associated with a regular regression method in which dissimilar countries would be estimated using the same co-variates, and assuming linear extrapolations across co-variate distributions that may be different and far apart from each other. The principle of similarity in PMM avoids this fundamental problem: it matches countries lacking data to countries that have the data based on their similarity. But how is this similarity itself estimated? This is the crux of the methodology. Similar to PMM, Propensity Score Matching (PSM) is also a promising candidate. However, the constraint with PSM in this case is that not enough similar observations are matched to be able to then run separate regressions or even make non-parametric estimates for each group due to the number of estimations that are necessary to make.
The similarity principle for PMM is established using a linear regression. Here, we estimate the following simple OLS model:
Where Y is the size of the informal economy as percent of GDP, GE is government effectiveness index, RQ is a regulatory quality index, C is a corruption index, ROL is a rule of law index, BF is a business freedom index, SE is self-employment levels, HDI is the Human Development Index, and E is an education variable.
The distinctive feature of the PMM is that this regression is not actually used for the estimation of the size of the informal economy, but rather as a matching tool. For this we have the following eight stages that are computed using the SAS Proc MI procedure 15 : 1) A random draw is made from the posterior predictive distribution of the estimated covariate coefficient matrix . ̅ , resulting in a new co-variate coefficient matrix * ̅ .
2) Using * ̅ ., we predict Y* for all countries.
3) The algorithm then identifies countries where we had actual Yi and whose predicted Y*, are closest to the predicted Y* of the countries missing the data. Hence we have matches between Y*iobs and Y*imiss: predicted values for the outcome variable originally missing and originally having an estimate of the size of the informal economy.
4) Each country missing the data is assigned to a group that has similar countries having the data from the previous procedure.
5) In each group, the MI algorithm randomly selects a match to the countries originally missing the outcome, and assigns the observed outcome from the match to be the estimated outcome variable for the country missing the outcome.
6) Steps 1-5 are repeated five times, generating five distinct datasets with imputed values of the informal economy, mimicking the variability inherent due to the uncertainty associated with the missing data mechanism.
7) To produce a final estimate, we take the average of the five datasets for the size of the informal economy.
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The results are broadly consistent with the rankings produced by the MIMIC method (See Table 4 ).
B. Estimating the Size of the Informal Economy Using Traditional MIMIC Approach (a la Schneider, 2010)
The results are also robust to estimations consistent with the traditional MIMIC approach. This robustness test is based on Schneider (2010) and relies on a set of variables that includes the use of GDP per capita and growth of GDP per capita (instead of night lights)
The cause variables:
Tax burden or government distortions: The tax and social security burdens are among the main causes of the informal economy. The larger the difference between the total cost of labor in the official economy and after-tax earnings, the greater the incentive to avoid this by joining the informal economy. We consider two variables to proxy for the effects of government taxation and spending on the informal economy the share of government consumption in GDP and the fiscal freedom index from the Heritage Foundation. A larger government will be required to raise more taxes, which distort economic activity and push economic agents from the formal to informal sector. The fiscal freedom index uses equally weighted scores from the top marginal tax rate on personal and corporate income, as well as the share of tax burden in GDP. High marginal rates on personal income will push workers towards the informal sector, just as high marginal rates on corporate income would encourage businesses to move activity to the informal sector.
Institutional quality: Institutional quality has a strong bearing on competitiveness and growth. A weak judiciary system, excessive bureaucracy, lack of transparency, and directed credit to connected borrowers and strategic enterprises exacerbate the incentives to informality. Furthermore, the stronger the enforcement capability and quality of government are, the lower the expected size of the informal economy. We consider two measures of institutional quality from the World Bank Worldwide Governance Indicators, which are compiled from a number of primary sources. The rule of law index "captures perceptions of the extent to which agents have confidence in and abide by the rules of society" so that in countries with higher scores economic agents will understand "the rules of the game" and can interact in the market with confidence. The control of corruption index "captures perceptions of the extent to which public power is exercised for private gain" and a high score represents economic agents having confidence that authorities will not abuse their position in dealings. We additionally consider a measure from Political Risk Services, namely, government stability. On top of honest officials and standard interpretation of the law, a more stable government provides the basis for confidence in participating in economic markets.
Size of the market and economic activity:
In richer countries, it is likely to prove more difficult to move some economic activity from the formal to the informal economy. We control for this by including GDP per capita at purchasing power parity in our model. Additionally, as economies become more interconnected and trade more with their neighbors and other countries, this trade is hard to hide from authorities as it has to enter the country through some means, which is likely tracked by the fiscal authority or statistical agency. We thus include openness, measured as the percent of trade in GDP, as another cause in our model. Lastly, as the formal sector goes through the trough of a business cycle, workers may lose their preference for formal employment as jobs in that sector become more scarce and they shift to offering their labor to the informal economy. This suggests the unemployment rate would also be a cause of the informal economy.
Informal economy activities are also reflected in labor market and monetary indicators. Depending on data availability, most studies use the following indicators (see, for example, Abdih and Medina (2016) , Loayza (1997) , Schneider et al. (2010) , and Vuletin (2009)
Growth in GDP per capita: as economic activity moves from the formal to the informal sector, this would register in national accounts data as a decrease in GDP per capita.
Labor force participation rate: the proportion of the population that is economically active in the formal sector.
Monetary Indicators: Given that people who engage in shadow economy transactions do not want to leave traces, they conduct these activities in cash. Hence, most shadow economy activities are reflected in an additional use of cash (or currency). To take this into account, two indicators are used: (a) M0/M1: M0 corresponds to the currency outside the banks; the usual definition for M1 is M0 plus deposits. (b) Currency/M2: this corresponds to the currency outside the banks as a proportion of M2.
The results are depicted in Tables 5 and 6 . We find these results to be largely consistent with the previous MIMIC estimation. Table 5 shows the results using the entire sample, while Table 6 considers only developing countries.
For the causal variables, we find across all specifications in both tables that the size of government, GDP per capita, and the unemployment rate are statistically significant and consistently estimated. A one standard deviation increase in the size of government and the unemployment rate leads to an approximate 0.09 increase in the size of informal economic activity. For a one standard deviation increase in GDP per capita, the estimated decrease in informal economic activity ranges from 0.3 to 0.4. For the total sample, the other causal variables are found to be statistically significant and in line with our priors that greater fiscal freedom, greater rule of law, more control on corruption, greater government stability, and more trade openness all lead to less informal economic activity.
For the developing economies sample, we find no significance on the rule of law and control of corruption. This suggests that for developing countries, informal activity depends more on the stability of the government than whether the "rules of the game" are consistently applied and there is no corruption. For the indicator variables, we find more informal economic activity has a statistically significant negative effect on both labor force participation and GDP per capita growth across all specifications for both samples.
C. Comparison with Countries' National Accounts Statistics
Most countries around the world have estimates for the size of the informal economy, and countries in Sub-Saharan Africa are not the exception. In this section, we test MIMIC results against the estimates of Statistical Agencies of eight sub-Saharan African countries for which information is readily available. The rank correlation is high-about 85 percent-between MIMIC results and these estimates (See Table 7 ).
Although these agencies provide estimates of the size of the informal economy, the data generated by MIMIC is still useful. First, not all countries publish the information. Second, methodologies and sampling methods may affect the comparability of cross-country estimates. Finally, estimates may be rooted in approaches that fail to take account of recent changes in the domestic economy. In contrast, MIMIC produces panel data for most countries that is comparable and can be used to test statistical relationships.
CONCLUSIONS
This paper contributes to the literature and addresses concerns by generating robust estimates of the size of the informal economy in Sub-Saharan African countries. It does so by applying a variety of methodologies. Specifically, by:
(a) using a modified version of the standard Multiple Indicator-Multiple Cause (MIMIC) model. This version addresses endogeneity concerns to the use of GDP by using the light intensity approach instead of the GDP as an indicator variable as proxy for the size of the economy. (b) estimating the size of the informal economy by using a completely independent method, the Predictive Mean Matching method (PMM) by Rubin (1987) . This not only tests the robustness of the modified MIMIC by estimating, but also addresses a long and controversial discussion on how to calibrate the relative MIMIC estimates of the informal economy (compare Hashimzade and Heady (2016 ), Feige (2016a and 2016b ), and Schneider (2016 . (c) comparing these results with the official estimations from countries' national account statistics.
Results suggest that there is significant heterogeneity in the size of informality in SSA, ranging from a low of 20 to 25 percent in Mauritius, South Africa and Namibia to a high of 50 to 65 percent in Benin, Tanzania and Nigeria. Additionally, that the informal economy in SubSaharan Africa remains among the largest in the world, although this share has been very gradually declining.
Results also suggest that broadly, informality seems to fall with the level of income likely reflecting higher government capacity and better incentives toward formality in higher income countries. Finally, this global trait also holds for Sub-Saharan Africa, as the informal economy averages 40 percent in the region's low income countries and 35 percent for its middle income countries. Nonetheless, a different characterization seems to trump those considerations: oil exporters and fragile countries are, everything else equal, more likely to harbor informality, with an informal economy well above 40 percent of GDP.
To verify the validity and robustness of the estimates, we have cross-checked them using an alternative and fully independent econometric approach, the Multiple Imputations Predictive Mean Matching (MIPMM), developed by Rubin D.B. The MIMIC results are found to be robust when cross-checked with MIPMM results. This alternative method treats informality as a missing data issue. The objective is to match the countries where data exist to those where data are missing by using characteristics that would be relevant to the size of the informal economy. 17 When using this procedure, countries are ordered in groups based on the size of the informal economy. These groups are broadly aligned with MIMIC findings.
We believe this is the first time that such a combination of methodologies, which includes modified MIMIC using night lights, PMM, and countries' national accounts, has been used to generate robust estimates of the size of the informal economy.
Finally, regarding the policy implications of this paper, few studies have investigated some of the reasons for the variation in the size of the informal economy, which are then used to make some policy recommendations on how best to shift activity from the informal to the formal sector. The policy advice in these studies (See for example International Monetary Fund 2017) also emphasizes the importance of allowing informal activity to act as a social safety as this transition is likely to be long. 
